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TABLE III
AVERAGE PSNR (IN DB) RESULTS OF THE MONNO AND CAVE DATASETS (HIGHEST PSNR IS HIGHLIGHTED IN BOLDFACE).

| | Monno Dataset

[ Cave Dataset |

[ MSFA Pattern [[ Algorithm [ R | G | B | Or | C | Mean [ R | G | B | Or | C | Mean |
BTES [21] 4573 | 4790 | 43.64 | 4472 | 41.39 | 44.67 42.60 | 46.54 | 40.46 | 39.41 | 37.84 | 41.37
LI [23] 4691 | 48.45 | 4496 | 45.82 | 42.90 | 45.80 4379 | 47.05 | 41.05 | 40.65 | 39.12 | 42.33
MSFA [12] 1ID [26] 5240 | 4848 | 47.10 | 49.61 | 4595 | 48.72 44,10 | 4631 | 43.34 | 43.12 | 42.52 | 43.87
GF [22] 52.70 | 49.02 | 47.23 | 50.83 | 46.95 | 49.34 44.61 | 47.65 | 4331 | 42.13 | 41.25 | 43.79
POS [12] 52.13 | 48.58 | 47.97 | 50.70 | 46.49 | 49.17 4536 | 48.06 | 43.96 | 44.75 | 44.69 | 45.36
PROPOSED | 54.64 | 51.87 | 47.88 | 51.72 | 47.80 | 50.78 4581 | 47.85 | 44.94 | 4520 | 44.60 | 45.68
BTES [21] 4335 | 47.89 | 40.04 | 47.92 | 41.35 | 44.10 39.26 | 46.54 | 37.30 | 42.11 | 37.84 | 40.61
LI [23] 45.52 | 4845 | 41.19 | 49.21 | 4291 | 4545 40.22 | 47.04 | 38.19 | 43.32 | 39.11 | 41.57
MSFA [16] 1ID [26] 50.30 | 48.48 | 44.56 | 51.32 | 46.96 | 48.32 41.95 | 4632 | 3942 | 44.18 | 42.50 | 42.87
GF [22] 50.18 | 49.05 | 38.83 | 5343 | 46.90 | 47.67 41.67 | 47.65 | 38.83 | 4443 | 41.27 | 42.77
POS [12] 50.72 | 48.54 | 46.59 | 53.17 | 46.50 | 49.10 4359 | 48.06 | 41.81 | 45.02 | 44.69 | 44.63
PROPOSED | 5295 | 51.87 | 4645 | 54.16 | 47.84 | 50.65 44.05 | 47.85 | 42.79 | 45.86 | 44.60 | 45.03
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Fig. 9. Visual comparison of Or band of SPONGE image in Cave dataset. (Gamma correction is applied for the display.)

demosaicking (POS) [12], BTES [21], guided-filter (GF) [22],
linear interpolation (LI) [23], and iterative intensity difference
(IID) [26]. We show both the peak signal to noise ratio (PSNR)
and structural similarity (SSIM) [53] for quantitatively evalu-
ating the objective performance of the demosaicking process.
For fair comparison, we also investigate the subjective quality
of the reconstructed image obtained from these methods.
The proposed ASCD algorithm adaptively assigns higher
weights to the CDI scheme in the case of higher spectral
correlation, whereas in the case of lower spectral correlation it
assigns higher weights to the intra-prediction scheme in (27)
to achieve an accurate prediction. In Fig. 8, we present a visual
analysis of the CHINADRESS image (Fig. 10) to support the
rationale of our algorithm. Fig. 8(a) and 8(b) are the high-
frequency components of the R and G band respectively,
where we can observe that most of the edges/textures are not
similar to each other and have different orientations (see (e)
and (f) for better visual analysis). We also compute the spectral
correlation or correlation coefficient of these two components,
and this is shown in Fig. 8(c), where the red dots denote the
correlated edges and the blue dots denote the uncorrelated
edges. Hence we can see that the spectral bands are not highly
correlated, and the Correlation Assumption of the CDI method
fails in such cases. Thus any algorithm that is based on such an
assumption reduces the quality of the reconstructed image. In
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Fig. 8(d), we show the proposed optimal weight (w2 in (30))
map, which assigns smaller weights to the CDI scheme in the
case of uncorrelated edges, whereas in the case of correlated
edges, it assigns higher weights. Thus we can say that the
proposed ASCD is adaptive to the spectral correlation.

We can see, however, some inconsistencies between Fig.
8(c) and (d) at the top-right region, where high weights are
assigned for low correlation. The reason behind this is as
follows: In Fig. 8(b), we can see that there is no high-
frequency (HF) component at the top-right region of the G
band, which implies that the standard deviation of the HF
component of the G band (aéh ) in that region is a small
number (=~ 0). If we substitute a small value of oa, into
(31), we get a higher wo in that region. This is why there are
inconsistencies in that region; however, they will not affect
the performance of the proposed algorithm. We can make
this conclusion because, intuitively, in the top-right region, for
the reconstruction of the R band, there is no use of G band
since the HF component of the G band is zero. Thus, we only
need an intra-prediction scheme for the reconstruction in that
region. This intuition holds true in the case of proposed ASCD
method and it can be explained as follows: since wy 1
and w; ~ 0 in that region, substituting these weights into
(27) results "ascp = Tcpr =~ FLpr + éh ~ 71, pr. Thus,
we can see that our algorithm satisfies the intuition that an

~
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TABLE IV
AVERAGE SSIM RESULTS ON THE MONNO AND CAVE DATASET (HIGHEST SSIM IS HIGHLIGHTED IN BOLDFACE).

| | Monno Dataset

[ Cave Dataset |

[ MSFA [[ Algo. [ R | G | B | Or | C [ Mean || R | G | B | Or | C | Mean |
BTES [21] 0.9598 | 0.9934 | 0.9574 | 09781 | 0.9557 | 0.9689 0.9724 | 09801 | 09710 | 09610 | 0.9524 | 0.9674
LI [23] 0.9610 | 0.9937 | 0.9611 | 0.9801 | 0.9641 | 0.9720 0.9780 | 0.9889 | 0.9791 | 0.9671 | 0.9612 | 0.9749
MSFA [12] 1ID [26] 0.9891 | 0.9937 | 09797 | 0.9859 | 0.9780 | 0.9843 0.9795 | 09874 | 09802 | 09701 | 0.9807 | 0.9796
GF [22] 0.9899 | 0.9943 | 0.9804 | 0.9939 | 0.9805 | 0.9878 0.9805 | 0.9910 | 0.9801 | 0.9770 | 0.9790 | 0.9815
POS [12] 0.9889 | 0.9939 | 0.9834 | 0.9942 | 0.9801 | 0.9881 0.9831 | 0.9922 | 0.9822 | 0.9840 | 0.9825 | 0.9848
PROPOSED | 0.9975 | 0.9965 | 0.9771 | 0.9949 | 0.9826 | 0.9897 09841 | 09917 | 0.9856 | 0.9865 | 0.9821 | 0.9860
BTES [21] 0.9598 | 0.9934 | 0.9418 | 0.9875 | 0.9557 | 0.9676 0.9664 | 0.9801 | 0.9512 | 0.9770 | 0.9524 | 0.9654
LI [23] 0.9610 | 0.9936 | 0.9589 | 0.9895 | 0.9641 | 0.9734 0.9687 | 0.9889 | 0.9561 | 0.9791 | 0.9612 | 0.9708
MSFA [16] 1ID [26] 0.9891 | 0.9936 | 09745 | 09941 | 0.9780 | 0.9859 0.9703 | 09874 | 09610 | 0.9803 | 0.9807 | 0.9759
GF [22] 0.9899 | 0.9943 | 0.9325 | 0.9972 | 0.9805 | 0.9789 0.9728 | 0.9910 | 0.9589 | 0.9831 | 0.9790 | 0.9770
POS [12] 0.9889 | 0.9939 | 0.9812 | 0.9964 | 0.9801 | 0.9881 0.9765 | 0.9922 | 0.9742 | 0.9858 | 0.9825 | 0.9822
PROPOSED | 0.9975 | 0.9965 | 0.9801 | 0.9981 | 0.9826 | 0.9910 0.9782 | 09917 | 09791 | 0.9875 | 0.9821 | 0.9837

(h) PROPOSED

Fig. 10. Visual comparison of R band of the CHINADRESS image in the Monno dataset. (Gamma correction is applied for the display.)

intra-prediction scheme is needed for the reconstruction in this
region.

Table III gives the PSNR performance of the different
methods on both the Cave and Monno datasets. In the case
of the MSFA pattern (Fig. 1(b)) [12], we can observe that our
algorithm achieves the highest average PSNR in almost all
the bands for both datasets. Similarly, for the MSFA pattern
(Fig. 2(a)) [16], we can see that our algorithm consistently
performs well in all the band images. The Cave dataset consists
of images having more smooth objects with higher spectral
correlation (Table I), and thus the PSNR performances of the
other algorithms are closer to that of the proposed algorithm.
Images in the Monno dataset consist of textured objects with
lower spectral correlation, and thus the proposed algorithm
significantly outperforms the other methods, as it is adaptive
to spectral correlations.

Table IV gives the SSIM performance comparison of the
different algorithms for both datasets. The SSIM model is
more consistent with human visual perception, and when the
SSIM value is close to 1, the reconstructed image is similar

to the original image. We can clearly see that the proposed
algorithm achieves a higher SSIM in almost all the bands
for both datasets. From Table III and IV, we can say that
the objective performance of the proposed algorithm, both in
terms of PSNR and SSIM, outperforms the existing methods.

For the subjective quality evaluation we show the recon-
structed images of the different methods and compare them
with the proposed algorithm. Fig. 9 shows a visual comparison
of the demosaicked Or band of the SPONGE image produced
by different methods. The reconstructed image by the GF
[22] method looks sharper than the original image and has
artifacts, as indicated by the red arrows, whereas the image
reconstructed by the BTES [21] method has lost all its detail.
Similarly, the reconstructed images of LI [23] and POS [12]
show artifacts as well as unclear text, whereas the proposed
algorithm preserves the edges as well as produces clearer
text. We also observe that although IID [26] uses both spatial
and spectral correlations for reconstruction, its performance
is lacking when compared to the proposed algorithm. Our
algorithm is designed in such a way that it is adaptive to
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Fig. 11. Visual comparison of sSRGB of the FRUIT image in the Monno dataset. (Gamma correction is applied for the display.)

TABLE V
AVERAGE PSNR PERFORMANCE OF PROPOSED ALGORITHM USING
DIFFERENT TECHNIQUES AS INITIALIZATION ON THE MONNO DATASET.

R B Cy Or Mean
GIF [S57] | 53.65 | 46.90 | 49.99 | 46.65 | 49.29
JBU [56] | 53.92 | 47.11 | 50.99 | 47.01 | 49.75
AKU [4] | 54.55 | 47.11 | 51.25 | 47.47 | 50.09
GF [22] 5495 | 47.32 | 51.77 | 47.92 | 50.49
POS [12] | 54.63 | 47.88 | 51.72 | 47.80 | 50.50
IDEAL 56.07 | 48.63 | 53.52 | 50.22 | 52.11

spectral correlations and assigns the weights judiciously to
both the intra- and inter-prediction methods.

In Fig. 10, we show a visual comparison of the demosaicked
R band of the CHINADRESS image that consists of textured
regions. From the visual comparison, we can see that the
existing methods either lose the fine details or add extra
artifacts in the reconstructed results, whereas our algorithm
suppresses these artifacts and produces a better reconstruction
as compared to the existing algorithms.

Fig. 11 shows a visual comparison of the FRUIT image
in the Monno dataset. We convert both the original and
reconstructed 5-band images to the standard RGB (sRGB)
domain for illustration purposes, and the transformation is
done using spatio-spectral Wiener estimation [4,12]. From
the visual comparison, we can see that the existing methods
either blur the edges or produce significant color artifacts on
the text, whereas the proposed algorithm reduces the artifacts
significantly and also preserves the edges at the same time.
From both the objective and subjective quality assessments, we
can say that the proposed algorithm has the ability to reduce
the artifacts as compared to the existing algorithms.

To estimate the optimal weights in (30), the proposed algo-
rithm uses an existing method for initialization. This is akin
to most of the multispectral demosaicking algorithms, which
also need an initial interpolation for initialization and then
incorporate the result into their reconstruction frameworks. All
the RI-based algorithms [28,29,30,54,55] generate an initial
interpolation using a guided filter [57] and then use it in their

proposed framework to drive the interpolation of each band.
AKU [4] uses the joint bilateral upsampling (JBU) method
[56] to generate a guided image, whereas GF [22] and POS
[12] use a guided image filtering (GIF) [57] method to develop
a reference image.

To make a fair comparison, we investigate the performance
of the proposed algorithm using these techniques as the
initialization for our framework, and the results are shown
in Table V. We can see that most of them yield a similar
performance, but we use POS [12] for our framework as
it is computationally very simple and is feasible in a real
hardware setup. We also show the performance of the proposed
algorithm in the ideal case using a ground-truth image for
initialization, and as expected, the proposed algorithm in the
ideal case has superior performance than in the practical cases.

B. 3-band Demosaicking

Our proposed algorithm can easily be extended to CFA
patterns for 3-band demosaicking. The density of the G pixels
in the CFA pattern (Fig. 1(a)) and the MSFA pattern is the
same, whereas the density of the other bands in the CFA
is higher than that in the MSFA pattern and thus eases the
interpolation process. The reconstruction of the G band is done
in exactly the same manner as is done in the case of 5-band
demosaicking. For the R and B band, the modulation signal in
(8) is changed, and thus the color-difference signal K r(u,v)
in (9) will be changed as well. We follow a similar strategy
in estimating the cut-off frequency for the circular LPF in (9)
and in (21) in the case of CFA demosaicking.

We evaluate the performance of the proposed algorithm on
the IMAX dataset, which consists of images dominated by
highly textured regions with low spectral correlations. We
compare the performance of the proposed algorithm with
state-of-the-art demosaicking methods: the integrated gradi-
ent (IGD) [36], gradient-based threshold free demosaicking
(GBTF) [37], local directional interpolation and nonlocal
adaptive thresholding (NAT) [39], four-direction interpola-
tion (FDI) [54], minimized-Laplacian residual interpolation
(MLRI) [55] and iterative residual interpolation (IRI) [30].
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Fig. 12. Visual comparison of FLOWER image in IMAX dataset.

TABLE VI
AVERAGE PSNR AND SSIM RESULTS ON THE IMAX DATASET.
AVG. PSNR AVG. SSIM
Algo. R G B R G B
IGD [36] 3483 | 37.38 | 33.96 | 0.9423 | 0.9622 | 0.9082
GBT [37] 33.48 | 36.59 | 32.71 | 0.9317 | 0.9558 | 0.8927
SSD [38] 35.02 | 38.27 | 33.80 | 0.9471 | 0.9779 | 09114
NAT [39] 36.31 | 39.82 | 34.50 | 0.9604 | 0.9787 | 0.9266
MLRI [55] 36.35 | 39.90 | 35.36 | 0.9601 | 0.9785 | 0.9384
IRI [30] 36.80 | 40.28 | 3542 | 0.9633 | 0.9818 | 0.9411
FDI [54] 36.31 | 39.99 | 35.02 | 0.9601 | 0.9790 | 0.9391
PROPOSED | 37.18 | 39.80 | 35.71 | 0.9822 | 0.9782 | 0.9599

In Table VI, we present the performances of the aforemen-
tioned methods and present the PSNR and SSIM performances
on the IMAX dataset. For G band reconstruction, our algo-
rithm is lacking both in terms of PSNR and SSIM as we do not
use other bands as prior information. In this paper, we focus
more on the other subsampled bands by exploiting the property
of spectral correlation in a more adaptive manner. This is why
our algorithm achieves better results in other bands, both in
terms of PSNR and SSIM, as shown in Table VI.

In Fig. 12, we show a visual comparison of a 3-band demo-
saicked image, FLOWER, with different methods and compare
the same with the proposed algorithm. We can observe that
the existing methods produce artifacts (shown by blue arrows)
near the red petals and are not able to preserve the edges,
whereas the proposed algorithm reduces the artifacts and thus
achieves a superior performance to the existing algorithms.

In summary, our algorithm outperforms the existing resid-
ual interpolation (RI)-based approaches [30,55] as well as
algorithms based on the color-difference assumption [15,31-
37] both in terms of objective and subjective quality. Algo-
rithms based on color-difference assumptions are sensitive to
spectral correlation. In the case of lower spectral correlation,
the Correlation Assumption of such methods fails, and thus
aliasing interferences increase in (9), which results in the
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failure of the Low-Pass Assumption. Differently, we introduce
a circular LPF and an intra-prediction scheme to address
these issues. Our algorithm focuses more on other bands as
they are significantly undersampled, and thus reconstruction
becomes a challenging task. To improve the performance of
the proposed algorithm, especially for the G band, we can
use some post-processing techniques, as used in the CFA
demosaicking method [30], to achieve a superior performance.
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Fig. 13. (a) 16-band MSFA, (b) RGB_NIR [9,12], (c) Performance analysis
of proposed algorithm on different MSFA patterns (R component of CHI-
NADRESS image)

C. Performance of Proposed Algorithm on Different Patterns

In the previous subsections, we show the performance of
the proposed algorithm on 5-band MSFA and 3-band MSFA
patterns, where the sampling density of the G band is higher
than that of other bands. However, our proposed algorithm is
not limited to such patterns and is designed in such a way that
it can be extended to any arbitrary pattern. In this subsection,
we discuss the performance of the proposed algorithm with
other MSFA patterns and also study its behavior with different
sampling densities of the G band.

In Fig. 13 (c), we show the performance of the proposed
ASCD algorithm on 3-band MSFA (Fig. 1(a)), 5-band MSFA
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TABLE VII
AVERAGE PSNR PERFORMANCE OF PROPOSED ALGORITHM WITH
DIFFERENT BLOCK SIZES.

R band B band
Size Cave Monno | IMAX | Cave Monno | IMAX
4 x4 45.78 | 54.55 37.08 4491 | 47.81 35.64
6 X6 45.81 | 54.64 37.18 44.94 | 47.88 35.71
8 X 8 4576 | 54.55 37.08 4490 | 47.82 35.63
10 x 10 | 45.70 | 54.42 37.01 44.85 | 47.71 35.55
12 x 12 | 45.63 | 54.38 36.90 44.80 | 47.63 35.62

(Fig. 1(b)), 4-band MSFA (Fig. 2(e)), 8-band MSFA (Fig. 2(f))
and 16-band MSFA (Fig. 13 (a)). A general observation that
can be drawn from Fig. 13(c) is that the performance of the
proposed algorithm decreases from the 3-band to the 16-band
MSFA which is very obvious. This is because if we array
more bands in the MSFA pattern, the sampling densities of
each spectral band become lower and it becomes a challenging
task for the demosaicking. More observations are as follows:

1) Although the sampling density of the R band is the same
for the 3-band (Fig. 1(a)) and 4-band MSFA (Fig. 2(e)),
the reconstruction performance is lower in the case of the
4-band MSFA as the density of the G band is decreased.
A similar analysis can be made for the 5-band and 8-
band patterns.

2) We have shown the reconstruction for a 16-band MSFA
pattern, where each color appears only once in a 4 x 4
pattern (Fig. 13(a)), and thus it can be considered as a
case in which all the bands are severely undersampled.
In this case, we can see that the performance decreases
significantly as compared to the other MSFA patterns.
However, we believe that the existing algorithms may
suffer too, because most of them either use inter-color
correlation or spatial correlation for the reconstruction.

With the performance analysis given above, we can say that
when all the bands are severely undersampled, the proposed
method will show a drastic change in performance. The
performance also depends on how other bands are arranged
on the image sensor.

Our proposed algorithm can also be extended to MSFA
patterns that consist of spectral bands beyond the visible
range. For reference, we have shown a pattern in Fig. 13 (b),
which consists of RGB and near-infrared (NIR) bands. In this
particular pattern, all the bands are equally sampled, and thus
the demosaicking problem in such a case is equivalent to the
one we show for the 16-band pattern in Fig. 13(a). Both in
the case of the 16-band pattern and the RGB_NIR pattern, we
follow the same strategy for reconstruction as is done in the
case of the 5-band MSFA.

D. Discussion of Block Size and Computational Complexity

Our algorithm works on a block-by-block basis (non-
overlapping) to generate a more accurate prediction for recon-
struction. We test the performance of the proposed algorithm
on all the datasets using different block sizes, and the results
are shown in Table VII. We can observe that a block size of
6 x 6 has a reasonable performance as compared to the other
block sizes for all the datasets. In the case of higher spectral
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correlation (Cave dataset), even when we increase or decrease
the block size, the spectral correlation among the bands does
not vary much, and thus the validity of both the assumptions
remains unchanged with different block sizes. This is why
the performance of the proposed algorithm doesn’t vary much
for the Cave dataset with different block sizes in Table VII.
However, in the case of lower spectral correlation (IMAX and
Monno), with a change in the block size, spectral correlation
may vary, and thus the performance also varies with different
block sizes.

Our algorithm is computationally very simple and requires
only basic operations, in contrast to other existing methods.
For each block, we perform a 2-D low pass filtering on (9)
and (21) to estimate 7ocps and 7 pp respectively and then
estimate the optimal parameters (w;, we) from (30). On a
desktop computer with an Intel Core i7 CPU, our MATLAB
implementation of the proposed algorithm takes about 0.7 sec
to reconstruct an image of size 512 x 512 and 1.7 sec for an
image of size 1368 x 1800 using a block of size 6 X 6.

V. CONCLUSION

In this paper, we have addressed the challenging problem
of multispectral demosaicking by demonstrating a frequency-
domain analysis of the subsampled color-difference signal.
With the help of this analysis, we studied the important as-
sumption of spectral correlation and explained why it is image
dependent, which leads to aliasing interferences among the
color-difference spectra. To address the issues, we proposed an
adaptive spectral-correlation-based demosaicking (ASCD) that
uses a novel anti-aliasing filter to reduce the interferences, and
we incorporated an intra-prediction scheme to generate a more
accurate reconstruction of the undersampled components. The
proposed scheme can be easily extended to any CFA and
MSFA patterns by exploiting the spectral correlation property
more effectively than the existing algorithms. Our approach
is computationally very simple and outperforms the existing
methods both in terms of objective and subjective quality.
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